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Abstract
Individual animal re-identification (Animal Re-ID) aims to distinguish individuals within the same species from
images, supporting non-invasive wildlife monitoring without capturing, tagging, or disturbing animals. Ani-
malCLEF 2026 formulates this problem as identity discovery and clustering, where each test image must be
assigned a cluster label and each cluster should correspond to one individual animal. This setting is challeng-
ing because the species subsets differ in available training labels, visual cues, and dominant clustering errors.
Some subsets mainly suffer from fragmented clusters caused by viewpoint or pose changes, while others have
few images per individual or no labeled training set. We propose a two-phase, multi-stage global-local cluster-
ing pipeline (Stages A–F) for this multi-species setting. The first phase builds a shared clustering foundation
through Stage A, which selects species-wise global representations, constructs pairwise similarity matrices, and
applies HDBSCAN to obtain initial clusters. When training labels and local matching evidence are available,
Stage A combines calibrated global similarity with SIFT + LightGlue match counts. For Texas horned lizard,
which has no labeled training set, it uses an uncalibrated global fallback plus a conservative cluster-level lo-
cal check. The second phase applies species-specific correction through Stage B to Stage F rather than using
a universal post-processing rule, including orientation-aware merging for Lynx, belly-region graph replace-
ment for Texas horned lizard, region-normalized merging for Salamander, and signed relation repair for Sea-
Turtle. The submitted release achieves 0.74911 Public Leaderboard ARI and 0.67537 Private Leaderboard ARI,
ranking fourth in the AnimalCLEF 2026 competition under the team name HSU Lab. These results suggest
that shared initial clustering followed by species-specific correction is a practical design for multi-species iden-
tity discovery and clustering. Our code is publicly available on GitHub at https://github.com/hsucomputinglab/
animalclef2026-species-specific-multistage-clustering.
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1. Introduction

Image-based wildlife monitoring provides a non-invasive way to observe animal populations over long
periods of time. By analyzing images collected from camera traps, field surveys, or citizen-science plat-
forms, researchers can monitor repeated appearances of individual animals without capture, tagging,
or direct disturbance. Individual animal re-identification (Animal Re-ID) is a key requirement in this
setting because it distinguishes individuals within the same species rather than only recognizing the
species category. The AnimalCLEF 2026 task is organized within the LifeCLEF 2026 lab and focuses on
discovery and re-identification of individual animals [1, 2].

Animal Re-ID is challenging because identity cues are often subtle, local, and sensitive to imaging
conditions. Useful cues may appear as spots, stripes, facial scale patterns, skin patterns, or other nat-
ural markings, but these cues can be affected by pose, illumination, occlusion, viewpoint, background
clutter, age-related changes, injuries, and sensor or habitat domain shifts [2, 3, 4, 5, 6]. At the same time,
different individuals from the same species may share similar overall appearance or local markings. A
reliable method must therefore preserve fine-grained identity cues while reducing shortcuts based on
background, coarse appearance, or acquisition conditions.

Recent AnimalCLEF and Animal Re-ID systems often combine global descriptors, local feature
matching, calibration, and species-aware refinement [7, 8, 9, 10]. Global feature backbones produce
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Figure 1: Overview of the proposed two-phase pipeline. Phase 1 builds the shared initial clustering through
Stage A by selecting a species-wise representation, extracting global features, selecting candidate pairs, adding
SIFT + LightGlue local match counts where applicable, and applying HDBSCAN followed by a conservative
cluster-level merge. For labeled subsets, calibrated similarity is used before HDBSCAN, while Texas horned
lizard follows the uncalibrated fallback described in Stage A. Phase 2 routes each species through its correction
stages: Lynx through Stage B, Salamander through Stages C and E, SeaTurtle through Stages C and F, and Texas
horned lizard through Stages C and D.

image-level embeddings that capture overall appearance, color distribution, body shape, and large-scale
texture. However, these embeddings may be affected by pose, cropping, and background variation. Lo-
cal feature matching provides complementary local texture evidence by comparing keypoints or local
regions between image pairs [11, 12]. In a multi-species setting, however, the reliability of global and
local cues can vary across species, so a single matching rule, merge criterion, or universal threshold
may not transfer uniformly.

AnimalCLEF 2026 formulates Animal Re-ID as identity discovery and clustering. This differs from
the AnimalCLEF 2025 open-set individual identification setting, where systems mainly made known-
individual or new-individual decisions and predicted identities for query images. In the 2026 setting,
each test image must be assigned a cluster label, and each cluster should correspond to one individual
animal. The evaluation metric is Adjusted Rand Index (ARI), which measures pairwise consistency
between the predicted clustering and the ground-truth clustering. The main methodological challenge
is therefore not only to estimate visual similarity, but also to decide which same-individual relations
should be kept, added, or rejected in the full test set.

This paper addresses the AnimalCLEF 2026 challenge with a two-phase, multi-stage pipeline, illus-
trated in Figure 1. In this paper, a phase is a conceptual grouping of the method into a shared clustering-
foundation phase and a species-specific correction phase, whereas a stage is a single operational step,
from Stage A to Stage F, that updates the image-to-cluster-label mapping. The first phase builds a
shared clustering foundation through Stage A. It uses selected global representations to construct pair-
wise similarity matrices, applies HDBSCAN to obtain initial clusters, and, when available, uses local
feature matching and score calibration. The second phase applies species-specific correction through
Stage B to Stage F according to the dominant errors and data conditions of each species subset.

The contributions of this paper are threefold. First, we present a task-oriented clustering frame-
work that separates a shared clustering-foundation phase from a species-specific correction phase for



the AnimalCLEF 2026 identity discovery and clustering task. Second, we design species-specific correc-
tion strategies that address different failure modes across species subsets, including viewpoint-induced
fragmentation, conservative merging under few-shot identity distributions, mixed relation-level errors,
and the absence of labeled training data. Third, we report submitted development-path results that an-
alyze how the clustering foundation and later correction stages change the Public Leaderboard ARI
and cluster-count structure.

2. AnimalCLEF 2026 Challenge

This section summarizes the task characteristics that motivate the proposed pipeline. We first describe
the AnimalCLEF 2026 objective and then compare it with the AnimalCLEF 2025 open-set individual
identification setting. We next define the clustering error terms used throughout this paper from the
perspective of merge decisions, and summarize the species-level data conditions and failure modes that
motivate the later species-specific correction stages.

2.1. Challenge objective

The main objective of AnimalCLEF 2026 is Discovery and Re-Identification of Individual Animals [2].
Participants are required to create clusters of images, where each cluster should correspond to one
individual animal. The output is therefore not a known class label and not a decision between a known
individual and a new individual, but a clustering result over the full test set. In this setting, assigning
two images to the same cluster represents a same-individual relation, while assigning them to different
clusters represents a different-individual relation.

The task further inherits common Animal Re-ID difficulties, but the four subsets emphasize different
ones: viewpoint and orientation change (Lynx), very few labeled images per individual (Salamander),
long-term appearance change across acquisition years (SeaTurtle), and the absence of any labeled train-
ing set (Texas horned lizard). These factors can make images of the same individual appear different,
while making different individuals appear visually similar. As a result, the method must not only esti-
mate visual similarity between image pairs, but also decide which same-individual relations should be
preserved or corrected when forming clusters over the full test set.

2.2. Evolution from AnimalCLEF 2025 to AnimalCLEF 2026

AnimalCLEF 2025 was formulated as an open-set individual identification task with database and query
images. Each query image had to be assigned either to a known individual in the database or to a new
individual, and the final ranking score combined BAKS and BAUS through their geometric mean [3].
This setting favored retrieval, local verification, score aggregation, and novelty detection, because the
central decision was whether a query image matched an existing identity or should be rejected as new.

AnimalCLEF 2026 changes the focus from query-level open-set identification to test-set-level iden-
tity discovery and clustering. Participants assign cluster labels to all test images, so the system must
construct a coherent clustering result over the full test set rather than only rank database candidates or
apply a novelty threshold to each query image. This shift makes similarity graph construction, density-
based clustering, and cluster-level correction more central to method design. Table 1 summarizes the
main differences between the two challenge settings.



Table 1
Task-setting shift from AnimalCLEF 2025 open-set identification to AnimalCLEF 2026 identity discovery and
clustering.

Dimension AnimalCLEF 2025 AnimalCLEF 2026

Main setting Open-set individual identification Identity discovery and clustering

Input database and query images Unlabeled test images to be clustered

Output Known-individual label or new-individual
decision

Cluster label for each test image

Main decision Decide whether a query image belongs to a
known individual

Decide which images should belong to
the same individual

Evaluation metric BAKS, BAUS, and their geometric mean Adjusted Rand Index (ARI)

2.3. Evaluation metric and clustering error types

ARI is a chance-adjusted clustering metric that measures pairwise consistency between the predicted
clustering and the ground-truth clustering [13]. Formally, given 𝑛 test images, the predicted clustering
and the ground-truth clustering form a contingency table in which 𝑛𝑖𝑗 is the number of images assigned
to both predicted cluster 𝑖 and ground-truth cluster 𝑗, with row sums 𝑎𝑖 = ∑𝑗 𝑛𝑖𝑗 and column sums
𝑏𝑗 = ∑𝑖 𝑛𝑖𝑗 . ARI is then defined as

ARI =
∑𝑖𝑗 (𝑛𝑖𝑗2 ) − [∑𝑖 (𝑎𝑖2)∑𝑗 (𝑏𝑗2)]/(

𝑛
2)

1
2[∑𝑖 (𝑎𝑖2) + ∑𝑗 (𝑏𝑗2)] − [∑𝑖 (𝑎𝑖2)∑𝑗 (𝑏𝑗2)]/(

𝑛
2)
,

where ( ⋅2) counts the image pairs inside a group. The numerator measures the agreeing same-cluster
image pairs corrected for chance, and the denominator normalizes by the maximum achievable agree-
ment. A perfect clustering has an ARI of 1, while a result close to random labeling usually has an ARI
near 0. Because ARI is computed from image-pair assignments, it decreases when images of the same
individual remain separated or when images of different individuals are grouped together.

In the rest of this paper, we use the terms under-merge and over-merge from the perspective of
merge decisions, rather than as direct replacements for the official over-clustering and under-clustering
terminology. Under-mergemeans that images of the same individual remain split into multiple clusters,
while over-mergemeans that images of different individuals are incorrectly assigned to the same cluster.
These errors require opposite correction directions. Under-merge requires recovering reliable same-
individual relations, whereas over-merge requires preventing or removing unreliable same-individual
relations. Table 2 summarizes the terminology used in this paper.

Table 2
Merge-decision error terminology used in this paper.

Term Meaning in this paper Methodological implication

Under-merge Images of the same individual remain split into
multiple clusters

Reliable same-individual relations need to
be recovered

Over-merge Images of different individuals are incorrectly
assigned to the same cluster

Unreliable same-individual relations need to
be prevented or removed

2.4. Dataset characteristics and species-specific difficulties

These species names and image counts follow the Kaggle competition data release used for our sub-
mitted development path [14]. They differ in test-set size, available training labels, visual cues, and



dominant failure modes. These differences directly affect method design because a merge rule that im-
proves one subset may introduce incorrect merges or unnecessary fragmentation in another. For Sea-
Turtle, the training statistics follow SeaTurtleID2022, a long-span sea turtle Re-ID dataset with 8,729
photographs of 438 individuals [15]. For Texas horned lizard, the dataset motivation is consistent with
prior evidence that individual Texas horned lizards can be identified using ventral spot patterns [16].
For Lynx, the images are drawn from CzechLynx, a large-scale camera-trap dataset for individual iden-
tification of the Eurasian lynx [17]. The subsets also differ sharply in identity density on the labeled
training split: Lynx averages many images per individual (median 17), whereas Salamander is strongly
few-shot (median 1, with 53% of individuals appearing only once), and SeaTurtle additionally spans
about 14 years of acquisition. Table 3 summarizes the data conditions and correction implications used
in this study.

Table 3
Species-level data conditions and the correction strategy motivated by each subset. Test counts follow the Kag-
gle data release, and SeaTurtle training statistics follow SeaTurtleID2022. Per-individual statistics are computed
on the labeled training split.

Species subset Training data Test images Main difficulty and correction

Lynx 2,957 images
77 IDs

946 Images are abundant per individual (median 17 in
training) but split across left, right, front, and back
views, so orientation differences fragment same-
individual images and motivate orientation-aware
merging.

Salamander 1,388 images
587 IDs

689 Few images per individual (median 1 in training;
53% singletons) make permissive merging risky and
motivate conservative region-normalized merging.

SeaTurtle 8,729 images
438 IDs

500 A 14-year acquisition span drives long-term
appearance change, so fragmented clusters and
incorrect merges can coexist, motivating signed
relation repair.

Texas horned lizard No labels 274 Calibration is difficult, and reliable cues are
concentrated in ventral texture, motivating belly-
region graph replacement.

The table highlights why the correction phase must be species-specific. Lynx mainly requires recov-
ery from orientation-induced fragmentation, Salamander requires conservative merging under a few-
shot identity distribution, SeaTurtle requires relation-level correction in both directions, and Texas
horned lizard requires a different path because no labeled training set is available. These observa-
tions motivate a two-phase, multi-stage pipeline. The first phase builds a shared clustering foundation
through Stage A, and the second phase applies species-specific correction through Stage B to Stage F
rather than using one universal merge criterion.

2.5. Implications for the proposed pipeline

The task setting, ARI metric, and species-level differences show that AnimalCLEF 2026 is not well
served by a single clustering rule, universal threshold, or post-processing rule. A permissive merge
rule can recover more same-individual relations but may introduce over-merge, while an overly con-
servative rule can reduce incorrect merges but may leave images of the same individual split across
fragmented clusters. Since ARI evaluates pairwise consistency, both risks must be considered together.

The proposed pipeline therefore separates the problem into two conceptual phases. The first phase
builds the initial clustering for each species through Stage A, using selected global representations,
pairwise similarity construction, HDBSCAN, and local feature matching when suitable evidence is
available. The second phase then applies species-specific correction through Stage B to Stage F accord-
ing to the data condition and main difficulty of each species subset. This design treats Stage A as a



shared clustering foundation and leaves Stage B to Stage F to correct species-dependent errors, rather
than forcing all subsets to follow the same merge criterion.

3. Methodology

This section describes the proposed two-phase, multi-stage pipeline for AnimalCLEF 2026 identity
discovery and clustering. Here, phase refers to the conceptual organization of themethod, with a shared
clustering-foundation phase followed by a species-specific correction phase. In contrast, stage refers to
the operational steps executed in the pipeline, namely Stage A to Stage F. The output of each stage is a
mapping from image IDs to cluster labels. Stage A creates the initial mapping for all four species and
serves as the shared clustering foundation. Stage B to Stage F then selectively update this mapping by
merging clusters, replacing a species-specific graph, or modifying pairwise same-individual relations.

The pipeline is executed in the order Stage A → Stage B → Stage C → Stage D → Stage E → Stage F.
Stage A produces the initial clustering for every species. Later stages act as species-specific routes. Each
stage changes only the species it is designed for, and all other species are carried forward unchanged.
Figure 1 gives an overview of this design, and Table 4 summarizes this routing map after Stage A. The
effects of these stages are analyzed in Sec. 4.

Table 4
Species-specific correction routes after Stage A. If a species is not assigned to a stage, its cluster-label mapping
is carried forward unchanged.

Species subset Correction stages Correction role

Lynx Stage B orientation-aware merging

Salamander Stage C + Stage E cluster-pair verification and conservative region-normalized
merging

SeaTurtle Stage C + Stage F cluster-pair verification and signed relation repair

Texas horned lizard Stage C + Stage D cluster-pair verification and belly-region graph replacement

3.1. Stage A: Global feature extraction and initial clustering

Stage A builds the initial clustering for each species. Its input is the set of test images for each species
subset, and its output is an initial mapping from image IDs to cluster labels. The goal is not to solve all
species-specific errors directly, but to provide a stable clustering foundation for later correction.

Stage A has four components. It first selects a species-wise global representation from frozen and
fine-tuned candidates evaluated during development. It then extracts image-level embeddings and con-
structs a pairwise similaritymatrix for each species. Next, it applies HDBSCAN to obtain initial clusters.
Finally, it performs one conservative cluster-level local merge. For species with training labels, the sim-
ilarity matrix combines calibrated global similarity with SIFT + LightGlue match counts on globally se-
lected candidate image pairs. Texas horned lizard follows a label-free fallback path because no labeled
training set is available. Supervised fine-tuning, train-label-based calibration, and train-label-based
representation or parameter selection are not used for this subset. Its HDBSCAN similarity matrix is
based on the uncalibrated average of MiewID-msv3 and MegaDescriptor-DINOv2 cosine similarities,
followed by a conservative cluster-level SIFT + LightGlue check.

3.1.1. Global feature backbone extraction

Stage A uses three global feature backbones to extract an image-level embedding for each image,
namely MiewID-msv3, MegaDescriptor-L-384, and MegaDescriptor-DINOv2-518 [4, 5, 18, 19, 20, 21].
These embeddings provide the shared global visual representation used by the initial clustering stage.



They capture broad appearance cues such as body shape, color distribution, pose, and large-scale tex-
ture, which are useful for selecting candidate neighbors and forming the initial species-wise clusters.

The three backbones are selected because they provide complementary global feature represen-
tations. MiewID-msv3 is a multi-species wildlife Re-ID feature extractor based on EfficientNetV2-
RW-M. MegaDescriptor-L-384 is a Swin-L-based animal Re-ID image feature model. MegaDescriptor-
DINOv2-518 is a DINOv2-based animal Re-ID image feature model. In our implementation, the ex-
tracted embedding dimensions are 2152, 1536, and 1024 for MiewID-msv3, MegaDescriptor-L-384, and
MegaDescriptor-DINOv2-518, respectively. For each image, Stage A extracts embeddings from all three
backbones. Because these models differ in architecture and pretraining data, using them together re-
duces the risk that the initial clustering depends too strongly on one model’s preference for a particular
species, pose, or background pattern. Table 5 summarizes their basic specifications.

Table 5
Global feature backbones used to form image-level embeddings in Stage A.

Backbone Model family Image size Params (M)

MiewID-msv3 EfficientNetV2-RW-M 512 × 512 51.11

MegaDescriptor-L-384 Swin-L 384 × 384 228.8

MegaDescriptor-DINOv2-518 DINOv2 ViT-L/14 variant 518 × 518 304.4

3.1.2. Local feature matching and matcher selection

Global feature backbones capture whole-image appearance, but many Animal Re-ID cues are local. For
example, SeaTurtle facial scale patterns [22], Salamander yellow patches, and Lynx side spots may be
diluted in an image-level embedding, especially when pose, background, or cropping variation is large.
For the species where local matching is used in Stage A, the pipeline therefore compares local keypoints
between candidate image pairs [7, 11, 12]. The match count is the number of successfully matched
keypoints between two images. A higher match count indicates stronger local texture agreement and
is used as complementary evidence for a possible same-individual relation.

To select the local matcher used in Stage A, we compared five matching pipelines under the same
submitted development path. As shown in Table 6, SIFT + LightGlue achieved the highest Public Leader-
board ARI among the tested matchers and is therefore used as the Stage A local matcher when local
matching is enabled. This result should be interpreted as a development-path comparison rather than a
general claim that one matcher is universally superior. In this multi-species setting, local identity cues
include scales, fur patterns, spots, yellow patches, and facial scale patterns. Under this setting, SIFT +
LightGlue appeared more stable than the tested learned local feature pipelines and the dense matcher
in the submitted Stage A pipeline.

Table 6
Stage A local-matcher comparison on Public Leaderboard ARI under the submitted development path. These
scores are measured at the local-matcher selection step, before per-species fine-tuned representations and the
cluster-level merge; Table 14 shows how the remaining Stage A components reach 0.58280.

Matcher ARI

SIFT + LightGlue 0.45294

DISK + LightGlue 0.42256

ALIKED + LightGlue 0.40178

SuperPoint + LightGlue 0.38219

LoFTR 0.26408

In implementation, Stage A first detects SIFT keypoints for each image and then uses LightGlue to
match candidate image pairs. To reduce computation cost, Stage A does not perform full pairwise SIFT +



LightGlue matching for all images within a species. Instead, it uses calibrated global similarity to select
the top 300 candidate images for each test image, as described in Sec. 3.1.4, and applies LightGlue only
to these candidate image pairs. The resulting match count adds local matching evidence to the global
similarity path without requiring exhaustive pairwise matching. For Texas horned lizard, which lacks
training labels, Stage A does not use this calibrated image-pair fusion path. It uses SIFT + LightGlue
only in the uncalibrated cluster-level merge before the main correction in Stage C and Stage D.

3.1.3. Species-wise representation selection

During development, we evaluated frozen and fine-tuned global representations for Stage A. Fine-
tuned variants were trained only when training identity labels were available, using ArcFace or Triplet
loss depending on the species-specific setting [23, 24]. The Stage A representation for each species was
selected according to Public Leaderboard ARI under the submitted development path. This keeps the
final pipeline focused on the representation that best supported the initial clustering for each subset.

The selected representations reflect the data condition of each subset. Lynx and Salamander retain
fine-tuned MiewID-msv3 variants. Lynx uses ArcFace fine-tuning, while Salamander uses a Triplet-
loss fine-tuned representation. SeaTurtle keeps the frozenMegaDescriptor-L-384 representation. Texas
horned lizard has no labeled training set, so supervised fine-tuning is not performed and the label-
free fallback uses the frozen MiewID-msv3 and MegaDescriptor-DINOv2 similarity average. Table 7
summarizes the selected Stage A representations.

3.1.4. Calibration, HDBSCAN, and cluster-level local merge

The final part of Stage A combines score calibration, primary representation selection, HDBSCAN
clustering, and one conservative cluster-level local merge. For species with training labels and local
matching evidence, isotonic calibration maps heterogeneous score sources to a comparable similar-
ity scale before fusion [7, 25]. This is needed because cosine similarity and SIFT + LightGlue match
count have different numerical ranges, and directly combining them could cause the match count to
dominate the fused score. Texas horned lizard does not use this calibrated local-fusion path. It uses
an uncalibrated global fallback for HDBSCAN and then a conservative cluster-level SIFT + LightGlue
merge.

HDBSCAN, a density-based clustering algorithm, is used because the number of test identities is un-
known in the identity discovery and clustering setting [26]. Stage A constructs a species-wise pairwise
similarity matrix and applies HDBSCAN to the corresponding precomputed distance matrix. For la-
beled species, this similarity matrix combines calibrated similarity from the selected primary global
representation, DINOv2 similarity, and SIFT + LightGlue match counts on shortlisted image pairs.
Texas horned lizard has no training labels, so it uses fixed HDBSCAN parameters on an uncalibrated
MiewID-msv3 and MegaDescriptor-DINOv2 similarity average. Table 8 summarizes the primary rep-
resentations and HDBSCAN parameters.

Table 7
Selected global representations used by Stage A for each species.

Species Selected Stage A representation Fine-tuning status

Lynx MiewID-msv3, ArcFace fine-tuned Fine-tuned

Salamander MiewID-msv3, Triplet fine-tuned Fine-tuned

SeaTurtle MegaDescriptor-L-384 Frozen

Texas horned lizard MiewID-msv3 + DINOv2 average Frozen, no training labels



Table 8
Selected primary global representations and HDBSCAN parameters for Stage A. HDBSCAN is applied to a
precomputed distance matrix derived from the species-wise similarity matrix.

Species Primary global representation Min. cluster size Min. samples

Lynx MiewID-msv3, ArcFace fine-tuned 15 1

Salamander MiewID-msv3, Triplet fine-tuned 2 1

SeaTurtle MegaDescriptor-L-384 4 1

Texas horned lizard MiewID-msv3 + DINOv2 avg. 2 1

After HDBSCAN, images of the same individual may still remain split because of pose, camera angle,
or local texture variation. Stage A therefore applies one conservative cluster-level local merge. Glob-
ally similar cluster pairs are shortlisted by centroid similarity and then verified by SIFT + LightGlue on
representative images. A merge is accepted only when both the centroid-cosine threshold 𝜏cos and the
SIFT + LightGlue match-count threshold 𝜏sift are satisfied. For Texas horned lizard, the centroid short-
list uses frozen MegaDescriptor-L-384 features, while the HDBSCAN similarity matrix remains the
uncalibrated MiewID-msv3 and DINOv2 average. Table 9 summarizes the thresholds and initial clus-
tering statistics. These initial clusters serve as the clustering foundation for the later species-specific
correction stages.

Table 9
Stage A conservative cluster-level local merge thresholds and initial clustering statistics.

Species 𝜏cos 𝜏sift Test images Initial clusters

Lynx 0.05 75 946 240

Salamander 0.10 75 689 456

SeaTurtle 0.10 20 500 158

Texas horned lizard 0.10 75 274 174

3.2. Stage B: Lynx orientation-aware merging

Stage B performs orientation-aware merging for Lynx. Its input is the Stage A cluster-label mapping,
and its output is an updated mapping after merging cluster pairs that are likely to contain the same
individual under different viewing orientations. This stage reduces orientation-induced under-merge,
where left, right, front, or back views expose different local spots or body textures and cause Stage A
to keep the same individual fragmented.

Stage B uses the provided orientation label to compare clusters at the orientation-group level. Images
inside each cluster are first grouped by orientation label. Same-orientation groups, such as left/left or
right/right, are compared directly with SIFT + LightGlue. Opposite lateral groups, such as left/right
or right/left, use cross-view matching. The right-view image is horizontally flipped before matching
so that the two side views are placed in a more comparable coordinate system. For each candidate
cluster pair, the maximum match count over all compared image pairs is used as the cluster-pair local
matching score.

A same-view candidate is merged when any compared image pair reaches a match count of at least
75, while a cross-view candidate uses a lower threshold of 50. The cross-view threshold is lower because
opposite lateral views may not expose perfectly symmetric local textures even after flipping. To reduce
cluster chaining risk, Stage B rejects any merge that would produce a cluster larger than 80 images.
After Stage B, the number of Lynx clusters decreases from 240 to 218. The Public Leaderboard impact
is reported in Sec. 4.

We further examined whether this cross-view (flip) path is justified for Lynx, since lynx flank pat-



terns are not obviously bilaterally symmetric. On the labeled Lynx training split, horizontally flipping
the right-view image raises the mean same-individual SIFT + LightGlue match count from 1.2 to 3.3,
but the same-individual versus different-individual separation is weak (ROC-AUC 0.557 over 600 same-
individual and 600 different-individual left/right pairs). Lynx coat patterns therefore do not show the
strong left/right facial-side correspondence reported for sea turtles [22]. However, at the operating
threshold (match count ≥ 50), none of the 600 different-individual pairs qualified, so the cross-view
path acts as a high-precision, low-recall bridge rather than relying on a symmetry assumption. Repro-
ducing the submitted merge logic (Table 10), the cross-view path supplies only 4 of the 22 accepted
merges and 88 of the same-individual image pairs recovered by Stage B, while same-view matching
contributes the large majority (about 4,143 pairs). The flip is therefore a small but reliable addition, and
same-orientation matching remains the main driver of Stage B.

Table 10
Stage B Lynx ablation: same-view-only versus adding the cross-view (horizontal-flip) path, reproducing the
submitted merge logic. Same-individual pairs is the number of co-clustered Lynx test image pairs.

Variant Merges (same/cross) Lynx clusters Same-individual pairs

Stage A (base) – / – 240 11,590

Same-view only 20 / 0 220 15,733

Submitted (same + cross) 18 / 4 218 15,821

3.3. Stage C: Species-specific cluster-pair verification

Stage C performs conservative cluster-pair verification for Salamander, SeaTurtle, and Texas horned
lizard. Its input is the cluster-label mapping after the previous applicable stages, and its output is an
updated mapping after a small number of cluster merges. A merge is performed only when the corre-
sponding species-specific rule is satisfied. Stage C is therefore a limited merge-based correction stage.
Later stages still perform the main correction for Texas horned lizard and SeaTurtle.

3.3.1. Salamander

For Salamander, individual identity is strongly related to body markings and local texture. Stage C first
retrieves same-orientation image candidates from the top 30 MiewID neighbors, keeping a pair when
it is reciprocal within the top 30 or when its MiewID cosine similarity is at least 0.42. These image pairs
are scored with SIFT + LightGlue and aggregated to cluster pairs. The submitted broad selector accepts
a Salamander cluster pair only when all compared image pairs have the same orientation, the merged
size and pair gain are bounded, and either a strong single image pair is present (match count ≥ 85 and
MiewID cosine ≥ 0.30) or repeated moderate evidence is present (at least two edges with mean match
count≥ 55 andmaximummatch count≥ 70). This rule is intentionally conservative because permissive
merging can connect visually similar Salamander individuals under a few-shot identity distribution.

3.3.2. SeaTurtle

For SeaTurtle, Stage A leaves amixed error pattern. Some same-individual images remain split, while vi-
sually similar individuals may already be incorrectly grouped. This subset is related to SeaTurtleID2022,
a long-span sea turtle Re-ID dataset designed for reliable individual re-identification under realistic tem-
poral variation [15]. Stage C therefore performs conservative positive merge verification using three
evidence sources. First, it computes flip-aware global similarity by taking the maximum cosine similar-
ity over original/original, original/flipped, flipped/original, and flipped/flipped image pairs. Second, it
uses the bundled LightGlue match-count matrix to compare local facial scale patterns. Third, it builds
four auxiliary HDBSCAN proposal partitions, including the leaf selection method with minimum clus-
ter size ∈ {3, 4, 5} and the excess-of-mass selection method with minimum cluster size set to 4, all with



minimum samples set to 1. A Stage C SeaTurtle merge requires support in all four proposal partitions,
bounded merged size, sufficient flip-aware similarity, and sufficient local match evidence. The stage is
still positive-only. The later signed relation repair in Stage F handles relation removals.

3.3.3. Texas horned lizard

For Texas horned lizard, Stage C uses local evidence from lizard foreground crops because the most
useful individual cues are concentrated in ventral texture. This design is consistent with prior evidence
that Texas horned lizards can be individually identified using ventral spot patterns [16]. Full images
often contain the photographer’s hand, ground background, and pose variation. Stage C uses SAM 3 to
obtain mask-zeroed lizard foreground crops before local matching. We treat these foreground crops as
belly-region crops because the images mainly expose the ventral side of the animal. Candidate cluster
pairs are verified using ALIKED + LightGlue and SIFT + LightGlue on these crops [27]. The broad Stage
C selector uses the same local matching conditions as Stage D, but applies them only as a capped merge
rule. It accepts a pair when ALIKED ≥ 50 and SIFT ≥ 20, ALIKED ≥ 45 and SIFT ≥ 35, or SIFT ≥ 85,
with a merged-size cap.

The effect of Stage C on Texas horned lizard is intentionally limited. Without training labels, the
merge rules cannot be calibrated in the same way as for Lynx, Salamander, or SeaTurtle. Stage D later
replaces the Texas horned lizard clustering with a new image-level graph and serves as the main correc-
tion stage for this species. Table 11 summarizes these cluster-count changes and their later handling.

Table 11
Cluster-count changes after Stage C and how each output is handled by later stages.

Species Clusters before Clusters after Accepted merges Later handling

Salamander 456 455 1 Retained for Stage E

SeaTurtle 158 145 13 Repaired in Stage F

Texas horned lizard 174 165 9 Replaced by Stage D

3.4. Stage D: Texas horned lizard belly-region graph replacement

For Texas horned lizard, Stage A is less reliable because no labeled training set is available for HDB-
SCAN parameter selection, similarity calibration, or train ARI-based primary feature selection. It there-
fore relies on uncalibrated global similarity and conservative local verification rather than on train-
calibrated score fusion. At the same time, reliable identity cues are concentrated in ventral texture,
while full images often include the photographer’s hand, ground background, and pose variation. Stage
D addresses this by replacing the Stage C Texas horned lizard result with a new image-level graph built
from belly-region local matching.

The replacement is different from merge-based refinement. Stage C can connect clusters that were
separated, but it cannot split different individuals that were already grouped together. Stage D instead
discards the previous Texas horned lizard cluster units. Each image becomes a graph node, an edge is
added when a belly-region local matching rule is satisfied, and connected components define the new
clusters. This can recover reliable same-individual relations while reducing the direct inheritance of
over-merged clusters from earlier stages.

Belly-region crop generation. Stage D applies SAM 3 to each Texas horned lizard image with
“horned lizard” as the text prompt to obtain a foreground mask for the whole lizard [28]. The predicted
mask score map is converted into a binary mask with threshold 0.5, every non-mask pixel is set to
black, and the lizard body is cropped using the bounding box of the mask. SAM 3 does not further
segment the anatomical belly region. We refer to these foreground crops as belly-region crops because



the images mainly expose the ventral side of the animal and the resulting crop mainly contains belly-
region texture. Figure 2 illustrates this transformation from a full image with hand and background
pixels to the foreground crop used for local matching.

Figure 2: Example of Texas horned lizard foreground cropping for Stage D. (a) Original image with hand and
background pixels. (b) SAM 3 mask-zeroed foreground crop. SAM 3 does not segment the anatomical belly
region. The crop is used as a belly-region crop because the subset mainly exposes ventral texture.

Graph construction. Stage D applies ALIKED + LightGlue and SIFT + LightGlue to all pairs of the
274 belly-region crops, producing two aligned match-count matrices. Each crop is treated as an image-
level node, and a candidate pair is added as an undirected edge only if at least one rule in Table 12
is satisfied. The first two rules require agreement between the ALIKED and SIFT matchers, while the
third preserves cases where SIFT alone provides very strong local evidence. Figure 3 visualizes this
edge decision for one accepted pair and one rejected pair under the two matchers. The accepted pair
has strong support from both matchers and becomes an edge, whereas the rejected pair has insufficient
local evidence and remains disconnected. The connected components of the accepted-edge graph be-
come the new Texas horned lizard clusters.

Table 12
Texas horned lizard belly-region graph edge rules. Each crop is a node, and each accepted crop pair becomes an
undirected edge.

Rule Edge condition

1 ALIKED match count ≥ 50 and SIFT match count ≥ 20
2 ALIKED match count ≥ 45 and SIFT match count ≥ 35
3 SIFT match count ≥ 85

Stage D changes the Texas horned lizard result from 165 clusters to 213 clusters. Its main effect is
therefore not to add many new merges, but to remove unreliable same-individual relations inherited



from Stage A and Stage C and rebuild a more conservative clustering from belly-region local matching
evidence.

Figure 3: Example edge decisions in the Texas horned lizard belly-region graph. Columns show ALIKED + Light-
Glue and SIFT + LightGlue matches for each candidate crop pair. The top green row shows a pair that becomes
an edge by Rule 1 with ALIKED = 398 and SIFT = 228. The bottom red row shows a rejected pair with ALIKED
= 13 and SIFT = 40, satisfying no rule in Table 12.

3.5. Stage E: Salamander region-normalized merging

Stage E performs conservative region-normalized merging for Salamander. It is executed after Stage D.
For Salamander rows (the rows of the cluster-label mapping whose images belong to the Salamander
subset), this is equivalent to applying the rule on the Stage C mapping because Stage D changes only
Texas horned lizard rows. Region-normalized merging means that merge evidence is recomputed on
normalized body and head crop views rather than only on raw images. This is important because
Salamander has a few-shot identity distribution, with 587 identities and 1,388 images, and broadly
lowering the merge threshold can connect visually similar individuals into incorrect large clusters.

The most stable Salamander identity cues mainly come from yellow markings on the body and head,
but raw images can be affected by background, hand occlusion, pose, and cropping differences. Stage
E therefore uses a deterministic region extraction pipeline. It detects yellow-patch pixels in HSV color
space, combines them with the surrounding dark body foreground to form a body mask, keeps the
largest connected foreground components, square-pads the crop to produce a normalized body view,
and rotates the body crop by its PCA-estimatedmajor axis when that axis is reliable. The largest yellow-
patch component inside the body crop is then used as the center for a head or main yellow-patch crop.

Stage E computes MiewID cosine similarity on three views, namely the raw image, body crop, and
head crop. SIFT is applied only to the body and head crops, where identity-related markings are more
concentrated. SIFT matches are filtered by the ratio test and a RANSAC-based affine consistency check,
and the RANSAC inlier count is used as the local matching score [29]. The final merge rules are re-
stricted to two reliable orientation branches, as shown in Table 13, and every accepted pair must also
satisfy a pair-calibrator probability of at least 0.90, pair gain at most 16, and merged component size at
most 12. After Stage E, the number of Salamander clusters decreases from 455 to 452, reflecting a small
number of high-confidence region-normalized merges.



Table 13
Submitted Salamander region-normalized merge branches. Accepted pairs also satisfy the calibration, pair-gain,
and size constraints described in the text.

View branch Merge rule Rationale

top/top SIFT inliers ≥ 10 and raw MiewID
cosine ≥ 0.75

top/top images already have relatively stable global
similarity in the raw image view

right/right SIFT inliers ≥ 15 and body MiewID
cosine ≥ 0.60

right/right images rely more on body-crop matching,
so a stricter SIFT inlier threshold is used

3.6. Stage F: SeaTurtle signed relation repair

The input to Stage F is the post-Stage-E mapping. For SeaTurtle rows (the rows of the cluster-label map-
ping whose images belong to the SeaTurtle subset), this is equivalent to the Stage C mapping because
Stage D changes Texas horned lizard rows and Stage E changes Salamander rows. At this point, both
SeaTurtle error directions may remain. Different individuals may be grouped together, while same-
individual images may remain split because of camera angle, pose, or image quality. These difficul-
ties are consistent with long-span sea turtle Re-ID, where temporal variation, viewpoint differences,
and image quality can affect reliable individual matching. A merge-only step cannot repair clusters
that already contain different individuals, and a split-only step may remove correct same-individual
relations. Stage F therefore performs signed relation repair. A negative operation removes unreliable
same-individual relations, and a positive operation adds high-confidence cross-cluster same-individual
relations.

Negative repair. Stage F removes a same-individual relation only when independent image-
evidence checks agree that it is visually unsupported. The first check recomputes local texturematching
and global similarity for the image pair. The pair is treated as suspicious only when both scores fall
below their thresholds. The second check uses an independently calibrated split signal, following the
broader idea of supervised pairwise similarity verification in AnimalCLEF-style Re-ID systems [9, 30].
A relation is removed only when the independent split signals agree, reducing the risk of incorrect
splitting.

Positive repair. Stage F then searches for image pairs in different clusters whose visual evidence
suggests that they may belong to the same individual. To avoid new over-merge, each candidate pair
must satisfy three conditions. The cosine similarity must be at least 0.45, the pair must form a reciprocal
top-2 neighbor relation by similarity, and the connected component size after adding the relation must
be at most 25. These constraints keep the relation-addition operation conservative.

After the negative and positive repair steps, Stage F rebuilds SeaTurtle clusters from the remaining
and newly added same-individual relations. It is therefore not a one-way merge or split operation on
existing clusters, but a relation-level graph update. The submitted release applies the frozen 𝑟 = 0.45,
rank-2, cap-25 repair map during inference and verifies that the pair-level changes match the frozen
reference, with 74 same-individual pair relations added and 183 removed. After Stage F, the number
of SeaTurtle clusters changes from 145 to 143. The improvement comes from removing unreliable
relations and adding high-confidence cross-cluster same-individual relations.

4. Experimental Results

This section reports the development-path results of the proposed pipeline on the AnimalCLEF 2026
Public Leaderboard. The official metric is Adjusted Rand Index (ARI), and all reported scores are cu-
mulative. Each later stage includes the output and corrections from previous stages. Because Public
Leaderboard ARI was the main feedback signal during system development, these results should be in-
terpreted as submitted development-path comparisons rather than independent causal ablations on a



separate held-out evaluation set. The final submitted release scored 0.74911 on the Public Leaderboard
and 0.67537 on the Private Leaderboard.

We report two complementary views, cumulative stage-wise Public Leaderboard performance and
species-level cluster-count changes. The first shows how the full pipeline changes after each stage,
while the second helps interpret whether a stage mainly merges fragmented clusters, rebuilds a graph,
or makes small relation-level adjustments.

4.1. Stage A component decomposition

Stage A reaches 0.58280 Public Leaderboard ARI, well above a global-descriptor baseline with density-
based clustering (0.19401 in our reproduction; the official AnimalCLEF 2026 baseline is comparable,
about 0.22). Because a natural question is whether this gain comes only from adding a local matcher, Ta-
ble 14 decomposes the Stage A configuration along the submitted development path. The single largest
component is indeed SIFT + LightGlue local matching with isotonic-calibrated fusion (+0.17382), but it
reaches only 0.45294. The remaining gain to 0.58280 comes from square-padded inputs with train-ARI
HDBSCAN parameter selection, a second DINOv2 global backbone, per-species fine-tuned represen-
tation selection, and the conservative cluster-level local merge. Stage A is therefore a combination of
components rather than a single local-matching step, and the 0.45294 value in Table 6 corresponds to
the local-matcher selection step of this decomposition.

Table 14
Stage A component decomposition along the submitted development path. Each row is cumulative and adds
one component to the row above.

Cumulative Stage A configuration ARI Δ ARI

Global descriptors + density-based clustering (baseline) 0.19401 N/A

+ HDBSCAN with square-padded inputs 0.26444 +0.07043

+ train-ARI HDBSCAN parameter selection 0.27912 +0.01468

+ SIFT + LightGlue local matching, isotonic-calibrated fusion 0.45294 +0.17382

+ DINOv2 second global backbone 0.46297 +0.01003

+ per-species fine-tuned representation selection 0.50089 +0.03792

+ conservative cluster-level local merge (Stage A) 0.58280 +0.08191

4.2. Stage-wise Public Leaderboard performance

Table 15 summarizes the cumulative Public Leaderboard ARI along the submitted development path.
Each row includes all preceding stages. Stage A reaches 0.58280 ARI as the shared clustering foundation.
The later gains show that the remaining errors are species dependent. Stage B repairs Lynx orientation-
induced fragmentation, Stage C adds only a small conservative gain, Stage D gives the largest gain by
rebuilding Texas horned lizard from a belly-region image graph, and Stage E and Stage F provide smaller
but consistent gains for Salamander and SeaTurtle.

The stage-wise trend supports the central design choice of this work. A shared global-local initial
clustering stage is useful, but it is not sufficient for all species. Under the submitted development path,
the +0.09748 ARI gain from Stage D suggests that Texas horned lizard is affected by unreliable full-
image global clustering and inherited over-merge. For this subset, rebuilding the image-level graph
from belly-region local evidence is more effective than applying small merge refinements to existing
clusters.



Table 15
Cumulative Public Leaderboard ARI along the submitted development path. Each row includes all previous
stages.

Stage Correction added ARI Δ ARI

Stage A Initial clustering 0.58280 N/A

Stage B Lynx orientation merge 0.62184 +0.03904

Stage C Three-species cluster-pair verification 0.62244 +0.00060

Stage D Texas horned lizard belly-region graph replacement 0.71992 +0.09748

Stage E Salamander region-normalized merge 0.72138 +0.00146

Stage F SeaTurtle signed relation repair 0.74911 +0.02773

4.3. Per-stage correction footprint

Table 16 consolidates the concrete operation applied by each correction stage and how many same-
individual relations it changed. The corrections are deliberately small and targeted: Stage C and Stage
E accept only a handful of merges, Stage F adds 74 and removes 183 pairwise relations, and only Stage
D rebuilds a species graph. This pattern matches the design intent that Stage A provides the shared
clustering foundation while Stage B to Stage F apply conservative, species-specific corrections.

Table 16
Per-stage correction footprint. Each correction stage applies a targeted operation to a specific subset; Stage A
(shared initial clustering) is omitted.

Stage Species Operation Accepted changes

B Lynx orientation-aware merge 22 cluster merges (18 same-view,
4 cross-view)

C Salamander, SeaTurtle,
Texas horned lizard

cluster-pair verification 1, 13, and 9 merges respectively

D Texas horned lizard belly-region graph replacement image-level graph rebuilt
(165 → 213 clusters)

E Salamander region-normalized merge 3 merges

F SeaTurtle signed relation repair 74 relations added, 183 removed

4.4. Species-level cluster-count changes

Cluster count alone does not determine clustering quality, because ARI depends on pairwise con-
sistency between the predicted clustering and the ground-truth clustering. However, cluster-count
changes help interpret the structural role of each correction stage. Table 17 summarizes the number of
clusters from Stage A to Stage F as structural diagnostics.

The cluster-count changes are consistent with the intended role of each correction stage. Lynx de-
creases from 240 to 218 clusters after orientation-aware merging. Salamander changes only from 456
to 452 clusters, reflecting the conservative design needed for a species with few images per individual.
SeaTurtle decreases from 158 to 143 clusters, but Stage F is not merely a merge step because it modifies
graph relations in both directions. Texas horned lizard provides the clearest example that fewer clusters
are not necessarily better. Stage D increases the number of clusters from 165 to 213 while producing the
largest Public Leaderboard ARI gain in the submitted development path. Overall, the final score comes
from combining a shared initial clustering foundation with species-specific correction strategies, not
from a single descriptor, threshold, or cluster-count target.



Table 17
Cluster counts after each stage. These are structural diagnostics, not direct quality scores. Only the stages that
modify a species are shown; “–” marks a count carried forward unchanged from the previous shown stage.

Species Stage A Stage B Stage C Stage D Stage E Stage F

Lynx 240 218 – – – –

Salamander 456 – 455 – 452 –

SeaTurtle 158 – 145 – – 143

Texas horned lizard 174 – 165 213 – –

5. Conclusion

This paper presented a two-phase, multi-stage clustering pipeline for the AnimalCLEF 2026 identity
discovery and clustering task. The first phase builds a shared clustering foundation through Stage A
by selecting species-wise global representations, constructing pairwise similarity matrices, applying
HDBSCAN, and using local matching and isotonic calibration when training labels and local matching
evidence are available. For Texas horned lizard, where no labeled training set is available, Stage A
uses an uncalibrated global fallback and a conservative cluster-level local check. The second phase
then applies species-specific correction through Stage B to Stage F according to the data condition and
main difficulty of each species subset.

The submitted development-path results suggest that the shared initial clustering is useful but in-
sufficient for this multi-species setting. Stage A reaches 0.58280 Public Leaderboard ARI, while the full
pipeline reaches 0.74911 Public Leaderboard ARI and 0.67537 Private Leaderboard ARI after later cor-
rection stages. The improvements are not uniform across species. Lynx benefits from orientation-aware
merging, Salamander requires conservative region-normalized merging, SeaTurtle requires signed re-
lation repair for both over-merge and under-merge, and Texas horned lizard benefits most from belly-
region graph replacement.

The largest cumulative gain comes from Stage D, which increases Public Leaderboard ARI from
0.62244 to 0.71992. Under the submitted development path, this suggests that small merge refinements
are not sufficient when reliable identity cues are local and earlier clustering may contain inherited
over-merge. Overall, the results support a practical design principle for multi-species Animal Re-ID
clustering. A system should first build a shared initial clustering foundation and then apply species-
specific correction rather than relying on one universal threshold or post-processing rule. Future work
should evaluate these design choices on independent held-out data and further study belly-region crop
quality for Texas horned lizard, relation-level repair for SeaTurtle, and region extraction stability for
Salamander.
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